The pros and cons of flocking in the long-range “migration” of mobile robot swarms  by Gökçe, Fatih & Şahin, Erol
Theoretical Computer Science 411 (2010) 2140–2154
Contents lists available at ScienceDirect
Theoretical Computer Science
journal homepage: www.elsevier.com/locate/tcs
The pros and cons of flocking in the long-range ‘‘migration’’ of mobile
robot swarms
Fatih Gökçe ∗, Erol Şahin
KOVAN Research Lab., Department of Computer Engineering, Middle East Technical University, 06531, Ankara, Turkey
a r t i c l e i n f o
Keywords:
Swarm robotics
Flocking
Migration
a b s t r a c t
In this paper, we study how flocking affects the accuracy and speed of individuals in long-
range ‘‘migration’’. Specifically, we extend a behavior that can generate self-organized
flocking in a swarm of robots to follow a homing direction sensed through the magnetic
field of the Earth and evaluate how the final points reached by the flock are scattered in
space and how the speed of the flock is affected. We propose that four factors influence the
performance of migration, in the proposed behavior, namely: (1) averaging through head-
ing alignment behavior, (2) disturbances caused by proximal control behavior, (3) noise
in sensing the homing direction, and (4) differences in the characteristics of the individ-
uals. Systematic experiments are conducted to evaluate the effects of these factors using
both physical and simulated robots. The results show that although flocking reduces the
speed of an individual, it increases the accuracy of ‘‘migration’’ for flocks that are larger
than a certain size.
© 2010 Elsevier B.V. All rights reserved.
1. Introduction
The seasonal long-range journeys made by certain insect and animal species to reach their feeding or breeding places
every year, often called migrations, stand as one of the most intriguing collective behaviors observed in nature. Arctic terns
migrate from the Arctic to the Antarctic and back, making a round-trip journey nearly 38000 km each year [1]. Among fish
species, sardines migrate from the east coast of South Africa to the north, creating shoals often more than 7 km long, 1.5 km
wide and 30m deep [2]. Monarch butterflies migrate from southern Canada to central Mexico every year, where they spend
the winter after traversing a distance of nearly 3200 km.
Anumber of interesting observations can bemade regarding thesemigrations. First, long distances, up tomany thousands
of kilometers, are typically traveled during migration. Second, migratory animals and insects migrate in flocks rather than
as individuals. Third, despite varying environmental conditions, migrating flocks are able to reach the very same feeding or
breeding grounds with an impressive precision.
There is evidence that these migratory species can use the magnetic field of the Earth [3–6], the polarization of
sunlight [7], oceanic electric fields [8], as well as visual landmarks and olfactory cues, to navigate along themigration routes.
The precision obtained by animals during migration has attracted the attention of many researchers, and specifically for
finding an answer to the question of whether flocking provides advantages for navigation or not. Although the navigational
mechanisms utilized by individuals have been studied, the underlying value of flocking behavior in navigational accuracy
still remains an open question. Bergman and Donner [9] first suggested that flock migration ‘‘increases the accuracy of the
orientationmechanism’’, which is known as themanywrongs principle. They claimed that flocking suppresses the tendencies
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of the individuals to migrate in slightly different directions; hence the flock can align to a direction that is the average of the
preferences of the individuals, giving a more accurate direction when compared to the cases of individual birds.
Hamilton [10] andWallraff [11] reiterated themanywrongs principle in their theoretical studies. Hamilton suggested that
‘‘the orientation of groups of animals ismore accurate than that of individuals’’. Assuming that (1) the spatial goal is same for
all individuals, (2) inaccuracies are represented by the deviation of individuals from the goal and (3) individuals adopt their
orientation to themean direction of the individuals in the flock, he plotted a series of theoretical curves with respect to flock
size showing that average deviation from the goal decreases with flock size. Wallraff suggested somemethods for analyzing
the observational data in order to investigate the effect of flocking on the accuracy of orientation toward the goal direction,
and described their statistical implications. Note that Hamilton’s proposal can be considered as a simple case of the central
limit theorem, which would imply that the error in the direction will be reduced with the square root of flock size.
After these pioneering theoretical studies, many researchers conducted field studies on birds to test the many wrongs
principle. In [12], Rabøl et al. observed skylark flocks of different sizes (1, 2, 3–5, and 6 or more) on their spring migration.
They showed that the dispersion of the migratory directions becomes less scattered with the size of the flock. Later,
Tamm [13] observed similar results, testing the hypothesis on homing pigeons with flocks of 3 to 6. By selecting flocks
in a random fashion, he obtained results showing that flocks are more accurate than individuals and their homing time is
shorter than that of single birds.
However, some contradictory observations are also reported from field studies. In [14], Keeton compared the mean
bearings of single pigeons with those of flocks of four pigeons. He reported no significant difference between single birds
and flocks in terms of accuracy. In [15], Benvenuti et al. performed experiments to compare the orientation behavior of
single birds with that of small flocks including three and ten birds. Their results showed that small flocks do not orient
more accurately than single birds. In [16], Guilford et al. performed experiments by releasing pairs of homing pigeons in
which none, one or both of the birds had previously been trained. They investigated whether inexperienced birds exploit
the knowledge of other birds to achieve a navigational advantage or not. They found that inexperienced birds do not prefer
to home with their partner, be they experienced or not.
Possibly due to lack of an adequate tracking technology, field observations were not able to produce a convincing result,
causing the many wrongs principle to be almost forgotten, until recently, when Simons brought it to light as a null model
and general framework for empirically testing the advantage of group navigation [17]. Taking themany wrongs principle in
its simplest form, in which there are no characteristic differences between individuals, and the contribution of individuals
to the direction of flock is equal, he showed that large group size increases the accuracy of group navigation. He emphasized
that the principle can be generalized to more complex scenarios in which there are differences between individuals and
where the individuals contribute to flock direction in an unequal manner.
The work of Simons has once more attracted attention to the many wrongs principle. Codling et al. studied the many
wrongs principle in a scenario resembling the migration of animals [18]. They developed a point-mass movement model
incorporating a biased random walk behavior and group interactions. They investigated the effect of navigational error,
group size, interaction radius size and environmental turbulence on the performance of the behavior involved in a group
navigating from one location to another. They found that, other than for a case of high environmental turbulence, group
movement has a navigational advantage.
In another study, Dell’ariccia et al. investigated the homing performance of pigeons using GPS data loggers [19]. They
released six pigeons, first individually, then as a flock and then again individually. Their results showed that the performance
of the flock is better than that of individuals. When compared to the individual flights, the flock also reached the target
pigeon-loft in a shorter time without resting episodes or circling around the start zone. In addition, individuals tended to
follow roads and other longitudinal landmarks causing circuitous routes, whereas the flock followed a ‘beeline’ route. This
observation suggests that individuals prefer to use landmarks while flocks rely on compass information.
A related problemwas also studied in robotics. Gutierrez et al. proposed a fully distributed strategy for the improvement
of odometry in collective robotics [20]. In this strategy, the robots improve their estimate of location by exploiting the
estimates of their neighbors. The estimate of each robot is associated with a confidence level, decreasing with the distance
traveled by the corresponding robot. Each robot combined its own estimate and the estimates received from its neighbors,
using the confidence level of each estimate to get more precise location information. The authors evaluated their strategy
in simulations of a foraging task, in which the duty of the robots was to bring items from a resource site to a central place.
Their results showed that as the group size increases both the quality of the individuals’ estimates and the performance of
the group improve.
Although the interest in the role of flocking in long-range migrations, as reviewed above, has produced a number of
hypotheses and models in biological systems, many questions, regarding the advantages of flocking in migration, remain
unanswered. Despite the results obtained in simulations, coupled with a few, sometimes contradictory, instances of
observational data from animal flocks, the problem begs for a constructivist approach.
This paper extends our previous work reported in [21] to investigate the effects of flocking in long-range journeys using
a swarm of physical and simulated mobile robots. Towards this end, we extend a self-organized flocking behavior that was
developed in our prior studies [22,23] to enable the long-range ‘‘migration’’ of a robotic swarm by sensing the magnetic
field of the Earth. Here, we use the term ‘‘long-range migration’’ in a simplistic way. Specifically, we study how a swarm
of robots, starting from a fixed point in space, would flock by following a certain pre-defined direction sensed through the
magnetic field of the Earth for a pre-defined amount of time. In this sense, the guiding of the flock towards an arbitrary
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Fig. 1. (a) Photo of a Kobot. (b) Scaled drawing of a Kobot illustrating the circular body, wheels, placement of the sensors and range for the second sensor.
The sensors are placed uniformly at 45◦ intervals. Each square patch in the grayscale blob indicates the output of the sensor averaged over 200 samples. A
white plastic stick with a diameter of 2 cm is used as the target. Darker colors denote higher values of sensor measurement.
Source: Images are taken from [22].
‘‘breeding location’’ in space is beyond the scope of this work. Similarly, we exclude from our study other strategies that are
also known to be used in animals, such as the use of landmarks.
The rest of the paper is organized as follows. The experimental platforms used are introduced in Section 2. In Section 3,
we describe our flocking behavior. Section 4 presents our experimental framework. The metrics utilized are described in
Section 5. Section 6 introduces four factors that influence long-range migration of flocks. The experiments are presented
in Section 7, and finally, Section 8 concludes the paper.
2. Experimental platforms
2.1. The Kobot robot platform
A Kobot is a CD-sized, differentially driven and power efficient robot platform weighing only 350 g with batteries
(Fig. 1(a)). The robot has eight infrared (IR) sensors around its body that can sense nearby robots and obstacles, and is
equipped with a digital compass placed on top of a plastic mast. The communication among robots as well as between the
robots and a console is carried out through a wireless communication module with a range of approximately 20 m indoors.
2.1.1. The infrared short-range sensing sub-system
The infrared short-range sensing sub-system (IRSS) uses modulated infrared signals to measure the range and bearing of
other robots in close proximity. It consists of eight IR sensors placed uniformly at 45◦ intervals, as shown in Fig. 1(b), and a
main sensor controller. Each sensor is capable of measuring distances up to 20 cm at seven discrete levels at a rate of 18 Hz.
The output of the kth sensor is an integer pair (rk, ok). The type of the detected object is denoted with rk ∈ {0, 1}, where
0 stands for obstacles and 1 stands for robots, which are the neighboring robots in close proximity and sensed by the IRSS.
The distance from the object being sensed is represented by ok ∈ {0, 1, . . . , 7}. The value of ok increases as the distance gets
closer such that a nearby object is indicated as ok = 7. No detection is denoted by ok = 0.
2.1.2. The heading sensing sub-system
The compass and the wireless communication module of the robots are used to create a directional heading sensing
system, called the virtual heading sensor (VHS), which lets the robots sense the relative headings of their neighbors. At each
control step, which is approximately 110 ms, a robot measures its own heading (θ ) and then broadcasts it to the robots
within the communication range. The heading measurement is done in a clockwise direction with respect to the sensed
north, as shown in Fig. 2. The neighbors whose heading values are received in a control step are called VHS neighbors.
In [22], the number of maximum VHS neighbors was reported to be 20 through simulations conducted using Prowler [24],
an event-driven probabilistic wireless network simulator.
The heading value (θrj) received from the jth VHS neighbor is converted to the body-fixed reference frame of the robot
using1
1 The heading of the robot, θ , is the angle between the sensed north and the y-axis of its body-fixed reference frame in a clockwise direction; see Fig. 2.
pi
2 is added to θ − θrj to obtain the heading of the jth neighbor in the body-fixed reference frame.
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Fig. 2. The body-fixed reference frame of Kobot is depicted. It is fixed to the center of the robot. The x-axis of the body-fixed reference frame coincides
with the rotation axis of the wheels. The forward velocity (u) is along the y-axis of the body-fixed reference frame. The angular velocity of the robot is
denoted with ω. The velocities of the right and left motors are denoted as vR and vL , respectively. The current heading of the robot, θ , is the angle between
the y-axis of the body-fixed reference frame and the sensed north direction (ns). l is the distance between the wheels.
Source: The image is taken from [22].
θj = θ − θrj + pi2
where θj is the heading of the jth VHS neighbor with respect to the body-fixed reference frame of the robot.
It is important to point out that the VHS does not assume the sensing of absolute north and hence does not rely on the
sensing of a global coordinate frame. Instead, the only assumption that the VHS makes is that the sensed north remains
approximately the same among the robots that are communicating among themselves. As a matter of fact, ferrous metals
in indoor environments cause deviations in the magnetic field of the Earth in their local neighborhood which is known as
the hard-iron effect. This effect results in deviation of the sensed north from the absolute north.
2.2. The simulator: Co-swarm
A physics-based simulator, called the Co-Swarm Simulator (CoSS) is used in computer simulations. CoSS is implemented
using the Open Dynamics Engine (ODE). The body and the wheels of the robot (as cylinders) and collisions of the bodies
and slippage in the wheels are simulated within the ODE. The actuation and sensing characteristics of the robot platform
obtained from systematic experiments with Kobots were implemented in CoSS. In a previous study [22], we had verified the
validity of the simulator by showing that results obtained from CoSS were similar to the ones obtained from Kobots.
3. The flocking behavior
In this study, we extend the flocking behavior proposed in [22] to include a homing direction. Specifically, the behavior
consists of heading alignment, proximal control and homing components combined in a weighted vector sum:
Ea = Eh+ βEp+ γ Eg‖Eh+ βEp+ γ Eg‖
where Eh is the heading alignment vector, and Ep and Eg are the proximal control and homing direction alignment vectors with
weights β and γ respectively. The resulting vector, Ea, is the desired heading vector for the robot that is normalized by the
Euclidean norm shown as ‖ · ‖.
3.1. Heading alignment behavior
The aim of the heading alignment behavior is to align the robot with the average heading of its neighbors. Using the
received headings of the VHS neighbors, the heading alignment vector (Eh) is calculated as
Eh =
∑
j∈NR
eiθj
‖ ∑
j∈NR
eiθj‖
whereNR denotes the set of VHS neighborswhen the communication range of VHS is set to R. The heading of the jth neighbor
in the body-fixed reference frame is denoted by θj.
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3.2. Proximal control behavior
The proximal control behavior aims to maintain the cohesion of the flock while avoiding the obstacles. Using the data
obtained from the IRSS, the normalized proximal control vector, Ep, is calculated as
Ep = 1
8
8∑
k=1
fkeiφk
where k refers to the sensor placed at angle of φk = pi4 kwith the x-axis of the body-fixed reference frame (Fig. 2). The virtual
force applied by the kth sensor to the robot is represented by fk and calculated as
fk =
{
− (ok−odes)2C if ok ≥ odes
(ok−odes)2
C otherwise
where C is a scaling constant, ok indicates the detection level for the kth sensor, namely the distance from the object, and
odes is the desired detection level that is taken as 3 for robots, and 0 for obstacles.
3.3. Homing behavior
The homing behavior aims to align the robot with the desired homing direction, θd, given in a clockwise direction with
respect to the sensed north. The homing direction alignment vector Eg is calculated in the body-fixed coordinate frame as
Eg = ei(θ−θd+ pi2 ).
In this study, we assume that the desired homing direction is a constant that is provided to all the robots a priori. The
starting point of the flock is fixed and initially all robots are aligned to the homing direction. The duration of the travel is
predetermined and no landmarks are used. With these assumptions, the behavior can be said to enable a flock of robots
to ‘‘migrate’’ to a particular ‘‘breeding location’’ on the homing direction, but is only a partial model of long-range animal
migration. Since landmarks are used and the goal direction may change during the travel in animal migration, our behavior
should be considered tomodel a part of animalmigration inwhich a long distance is traveledwhile the goal direction is fixed.
It should be noted that the homing behavior only modulates the orientation of the robot and does not provide a criterion as
to whether a homing position is reached or not.
The original flocking behavior (corresponding to the case where γ is set to 0) that was proposed in [22] would make the
flock wander aimlessly within an environment, avoiding obstacles in its path, with no preferred direction. In this sense, the
movement of the flock resembles that of a single robot running Braitenberg’s obstacle avoidance behaviors [25].
3.4. Motion control
The forward (u) and angular (ω) velocities are calculated using the desired heading vector (Ea). The forward (u) velocity
is calculated as
u =
{
(Ea · Eac) umax if Ea · Eac ≥ 0
0 otherwise (1)
where Eac is the current heading vector of the robot coincident with the y-axis of the body-fixed reference frame (see Fig. 2).
The dot product of the desired (Ea) and current heading (Eac) vectors in Eq. (1) is used to modulate the forward velocity of the
robot. When the robot is moving in the desired direction the dot product results in 1 and the robot attains its maximum
forward velocity (umax). If the robot deviates from the desired direction, the dot product and hence u decreases and converges
to 0 when the angle between the two vectors gets closer to 90◦. If the angle exceeds 90◦ then the dot product is negative. In
this case, u is set to 0 causing the robot to rotate in place.
The angular velocity (ω) of the robot is controlled by a proportional controller using the angular difference between the
desired and current heading vectors:
ω = (6 Eac − 6 Ea)Kp
where Kp is the proportional gain of the controller.
The rotational speeds of the right and left motors (Fig. 2) are eventually calculated as follows:
NR =
(
u− ω
2
l
) 60
2pir
NL =
(
u+ ω
2
l
) 60
2pir
where NR and NL are the rotational speeds (rotations per minute) of the right and left motors respectively, l is the distance
between thewheels of the robot (meters), u is the forward velocity (meters per second) andω is the angular velocity (radians
per second).
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Fig. 3. The topologies of the robots for different flock sizes. The arrow indicates the homing direction.
Table 1
The default parameter settings for the behavior.
Parameter Default value
Weight of proximal control (β) 12
Weight of goal direction (γ ) 4
Proportional gain for angular velocity (Kp) 0.5
Maximum forward speed (umax) 7 cm/s
Desired detection level (odes) 3
4. The experimental framework
4.1. The setup
The flocking behavior, described in the previous section, has a number of parameters, namely the weight of proximal
control (β), the weight of goal direction (γ ), the proportional gain for angular velocity (Kp), the maximum forward
speed (umax), and the desired detection level (odes). The optimization of these parameters is a challenging problem with
which we do not deal in the scope of this study. Rather, we used a default set of parameters, listed in Table 1, such that
except for the setting of γ , they are reported in [22] to generate an acceptable flocking behavior in Kobots and in CoSS.
The experiments were conducted in an open and obstacle-free environment with an approximately constant magnetic
field. Specifically, the robots operated in an environment in which the walls and obstacles remained beyond their proximal
sensing ranges during the course of the experiments. Initially the robots were placed on a hexagonal grid with a default
25 cm center spacing, and aligned to the desired homing direction which was fixed to an a priori determined value for all
robots. Fig. 3 illustrates the placement of the robots for different flock sizes. The center of flocks is always fixed at the same
initial point. The features specific to the experimental setups of Kobots and CoSS are described below.
4.1.1. Kobots
In the experiments conducted with Kobots, we used flocks including up to seven Kobots in an arena, 4× 12 m in size, as
shown in Fig. 4(a). Themagnetic field in the arena, shown in Fig. 4(b), is not uniform and deviates approximately six degrees
to the left, between the starting and finishing lines of the course.
In each experiment, the robots start from a particular initial point and the position of the flock center is recorded at the
finishing line.
4.1.2. CoSS
In CoSS, the experiments are conductedwith flocks that include up to 91 simulated robots. The experiments are executed
for 1558 control steps which corresponds to approximately 171.38 s of simulated time. This duration is determined from a
reference experiment in which a flock of seven simulated robots traversed 12 m in an ideal world.
In order to disable proximal control behavior in certain experiments, we increased the inter-robot spacing to 20 m to
hypothetically disable proximal control behavior. In this case, the range of wireless communication was also increased to
1600 m with the same scale-up as in inter-robot spacing.
5. Metrics
We evaluate the accuracy and efficiency of the flocks in long-range migration using two metrics. The first metric is the
standard deviation and is used to evaluate the accuracy of flocks in migrating along a homing direction. The second metric
is defined as the average speed for evaluating the efficiency of the flocks.
5.1. The standard deviation
In an ideal world free of noise and other external disturbances, robots starting from a fixed place would always reach
the exact same ‘‘breeding ground’’ at all times with perfect accuracy. However in physical systems (whether for robots or
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Fig. 4. (a) An overhead viewof the experiment arena. (b) Themagnetic fieldmeasured in the experiment arena. The field is tilted to the left by approximately
six degrees. The units of the axes are in meters.
a
b
Fig. 5. (a) The paths followed by the center of a flock in an environment with noise. The units of the axes are in meters and [0, 0] is the starting point. Note
that the experiments are carried out in open environments and that the borders of the plot do not indicate the existence of walls. (b) Final positions and
deviations used in the calculation of SD are illustrated.
biological organisms), factors such as sensor noise would cause deviations at the positions reached at the end of the journey
as illustrated in Fig. 5(a) and hence the accuracy decreases, leading to a scattering of the paths.
In order to measure the scattering of the paths, and hence to evaluate the accuracy of the flocks in migrating along a
homing direction, we use the standard deviation (SD) calculated using the deviations of the flock centers from the initial
direction at the end of the experiments. In Fig. 5(b), the final positions and the deviations from the initial direction are
depicted for the paths given in Fig. 5(a). Lower values of SD indicate a more accurate path.
5.1.1. The average speed
The average speed (Va) of the flock, calculated by dividing the total displacement of the flock by the duration of the
journey, is used as a measure of the efficiency of the movement. A high average speed is a sign of efficient movement
driving the flock smoothly, whereas a low average speed indicates inefficient and jerky movements of robots.
6. Factors that influence the long-range migration of flocks
In this paper, we consider, from a constructivist view, how flocking affects the variance in the final positions reached.We
study how flocking affects the accuracy and speed of individuals in the long-range ‘‘migration’’. We hypothesize that four
factors influence migration:
• Averaging through heading alignment (HA). The heading alignment behavior aims to align the individuals to the average
heading of their neighbors. This allows individuals to suppress sensor noise in sensing the homing direction, thus
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Table 2
Factors investigated in the experiments. The four factors
considered are: HA: Averaging through heading alignment,
HD: Noise in sensing the homing direction, CD: Differences in
the characteristics of the individuals, PD: Disturbances caused
by proximal control behavior.
Experiment HA HD CD PD Platform
1 + − − + CoSS
2 + + − − CoSS
3 + + − + CoSS
4a + + + − CoSS
4b + + + + CoSS & Kobots
improving the accuracy of their alignment. The dynamics captured here can be considered to correspond to the many
wrongs principle.
• Noise in sensing the homing direction (HD). The homing direction, typically obtained from the Earth’s magnetic field,
can be considered to have noise. This noise can be caused by the characteristics of the sensor as well as by external
fluctuations in the magnetic field. In this study, we use the natural or artificially created noise in the compass of our
robots to model this.
The noise in sensing the homing direction is inherent in Kobots due to the hard-iron effect and is modeled in CoSS
using the vectorial noise model [26] as
θd = 6 {eiθ ′d + ηSeiξS }
where θ ′d represents the actual homing direction, ηS is a parameter determining the magnitude of noise vector and ξS is
the direction of the noise chosen from a Gaussian distribution N(µ = θ ′d, σ = ±pi2 ), where µ and σ are the mean and
standard deviation, respectively. In the experiments the default value of ηS is taken as 0.5.
Finally, we would like to note that the noise generated by the hard iron effect depends greatly on the environment
and is very difficult to model. In this sense, the noise model used in simulation is rather crude. Despite this, the results
obtained in the simulation and with Kobots can be matched qualitatively.
• Differences in the characteristics of the individuals (CD). Not all individuals in a flock are identical. For example, the birds
in a migratory flock have different wing lengths and weights, etc. Similarly, even robots that are manufactured from the
same components using the same process tend to have slightly different sensor/actuator characteristics.
The Kobots are inherently different from each other in terms of actuation, as will be investigated later in Section 7. In
CoSS, we implement the individual differences as a bias term added to the right motor speed as
NR = N ′R + ξm
where N ′R is the actual speed of the right motor and ξm is the bias term in rpm. The bias term, ξm, is chosen as a constant
from a Gaussian distribution N(µ = µi, σ ), such that the standard deviation, σ , is fixed for all robots, whereasµi for the
ith robot is chosen from a Gaussian distribution N(µ, σ ) to diversify the robots.
This bias gives the robot a tendency to deviate towards the left or right instead of moving straight. The direction of
the tendency depends on the sign of µi.
• Disturbances caused by proximal control behavior (PD). During flocking, the proximal control behavior aims to keep the
flock cohesive yet make sure that no collisions happen among the individuals. This creates disturbances in the heading
direction of the individuals. These disturbances are implicit in the proximal sensing and need not be explicitly included.
7. Experiments
We analyze how the four factors described in the previous section contribute to the accuracy and speed of long-
range journeys of robot flocks through experiments conducted with physical and simulated robots. Towards this end, we
conducted four sets of experiments that are listed in Table 2.
Experiment 1 aims at understanding the effect of disturbances caused by proximal control. Experiment 2 evaluates
the effect of noise in sensing the homing direction alone. Experiment 3 analyzes the combined effect of proximal control
behavior and the noise in sensing the homing direction. The individuals used in the first three sets of experiments are
identical. The last set of experiments in which the effect of individual differences is analyzed is divided into two subsets. In
the experiment 4a, proximal control is disabled whereas in the experiment 4b it is enabled. Since the heading alignment is
crucial for flocking behavior, it is enabled in all experiments.
The first three sets of experiments and the first subset of the fourth experiment are conducted only in simulation,whereas
experiment 4b is conducted both in simulation and with Kobots. The experiments performed with CoSS and Kobots are
repeated 500 and 5 times, respectively, unless otherwise stated.
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Fig. 6. Proximal disturbance experiments. Plot of (a) SD and (b) Va with respect to flock size. The dashed line in (b) indicates the value of the maximum
forward speed umax = 7 cm/s.
7.1. The effect of proximal disturbance
The proximal control behavior aims to avoid collisions with robots and yet maintain the cohesion of the flock using the
readings obtained from the IRSS. These objectives interfere negatively with themovement of the robots towards the desired
homing direction, and with the alignment of robots with their neighbors.
In order to understand the effect of disturbances caused by the proximal control behavior, we evaluate the performance
of simulated flocks with different sizes in long-range journeys with no noise in sensing the homing direction.
Fig. 6(a) plots SD against flock size. In ‘‘single-robot flocks’’, the proximal control behavior is implicitly disabled and the
flock follows the same path resulting in a zero SD, as expected. The SD value increases with the flock size and after making
a peak for three-robot flocks, it exponentially drops off. These results suggest that the negative disturbances generated by
the proximal control behavior in multiple-robot flocks (that is, flocks that consist of more than one robot) can be overcome
by the heading alignment behavior whose effect increases with the size of the flock.
Fig. 6(b) plots the average speeds attained at different flock sizes. The average speed of a ‘‘single-robot flock’’ is close to
the maximum forward speed value as expected. The average speed of the flock shows a slight but limited decrease at larger
flock sizes due to the interference from proximal control. This indicates that the decrease in the average speed of the flock
levels off fast and becomes rather independent of the flock size.
7.2. The effect of noise in sensing the homing direction
The homing behavior aims to align the robots with the desired homing direction. Therefore, noise in sensing the homing
direction would generate undesired deviations in the heading of the robots. In order to investigate this, we varied ηS and
conducted experiments with different sizes of flocks disabling proximal control behavior in simulation.
The paths of the flocks for ηS = 0.5, plotted in Fig. 7, show a decrease in the scattering with the flock size. Fig. 8(a) plots
the SD of the different flocks with respect to ηS , the amount of noise in sensing the homing direction. When ηS = 0, SD
becomes zero for all flock sizes as expected. With non-zero noise in the desired homing direction, SD grows roughly linearly
with the size of the flock and the slope of the growth is proportional to the amount of noise. Fig. 8(b) plots SD against flock
size for ηS = 0.1 and ηS = 0.9. The plot shows that for a given amount of noise, SD is inversely proportional to the size
of the flock, and that ηS determines the level to which SD can level off at large flock sizes. This is not surprising, since the
heading alignment behavior averages through the VHS neighbors of a robot and reduces the amount of noise in estimating
the desired homing direction.
In Fig. 9(a) and (b), the average speeds are given with respect to flock size and ηS , respectively. The average speeds
decrease for increasing noise and remain almost constant for increasing flock size. The decrease in the average speeds for
the increasing noise is a result of large fluctuations in homing direction that cause the robots to turn more and hence get
slower. For a fixed ηS , one may expect that, as the flock gets larger, the number and variety of VHS neighbors interacted
with would increase and the fluctuations in the homing direction would thus be suppressed more efficiently. This would
eventually result in an increase in the average speeds of large flocks. However, our results are insufficient to explain why
the average speeds remain almost constant as the flock size increases and this needs further investigation.
7.3. The effect of proximal disturbance with noise in sensing the homing direction
In order to understand the combined effect of proximal disturbance and noise in sensing the homing direction, we
repeated the experiments conducted in the previous subsection without disabling proximal control behavior.
Fig. 10(a) plots the SD with respect to ηS for different flock sizes. When compared against the plot in Fig. 8(a), it shows
how the proximal disturbance negatively affects SD at lower ηS values and how small flocks are affectedmore by it. Fig. 10(b)
plots SD against flock size for ηS = 0.1 and ηS = 0.9. The plot shows that at ηS = 0.1, SD increases with flock size, peaking
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Fig. 7. Noise in sensing the homing direction experiments. The paths followed by the flocks of (a) 1 robot, (b) 3 robots, (c) 7 robots, (d) 19 robots, and (e) 91
robots for ηS = 0.5.
a b
Fig. 8. Noise in sensing the homing direction experiments. Plot of SD (a) with respect to ηS for different flock sizes, and (b) with respect to flock size while
ηS = 0.1 and ηS = 0.9.
ba
Fig. 9. Noise in sensing the homing direction experiments. (a) Plot of Va with respect to flock size for different values of ηS . (b) Plot of Va with respect to
ηS for different flock sizes. The dashed lines indicate the value of the maximum forward speed umax = 7 cm/s.
at three-robot flocks, and decreases afterwards, as was observed in Fig. 6(a). However, it should be noted that at ηS = 0.1,
SD starts large even at single-robot flocks, indicating that the noise in sensing the homing direction shadows that generated
by the proximal control behavior, and is reduced with increasing flock size.
No significant changes were observed in the average speed of the flock due to the inclusion of the proximal control
behavior.
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Fig. 10. Proximal disturbancewith noise in sensing the homing direction experiments. Plot of SD (a) with respect to ηS for different flock sizes, and (b) with
respect to flock size while ηS = 0.1 and ηS = 0.9.
Fig. 11. Individual difference experiments in CoSS. Characteristics of different robots in CoSS after adding actuation noise. Distribution of the scatters at final
positions for each robot. In this figure and in the following box-plot figures, the ends of the boxes and the horizontal line in between correspond to the first
and third quartiles and the median values, respectively. The top and bottom whiskers indicate the largest and smallest non-outlier data, respectively. The
data in between the first and third quartiles lie within the 50% confidence interval, while the data in between the whiskers lie within the 99.3% confidence
interval. Outliers are represented by plus signs. The mean of the SD values calculated for each robot in this figure is 15.1 cm.
Table 3
The number of the groups selected from 91 diversified robots randomly.
Flock size 1 2 3 5 7 19 37 91
# of different flocks 91 91 91 91 91 91 91 91
7.4. The effect of individual differences with noise in sensing the homing direction
If the individuals in a flock have different actuation characteristics, each of them is likely to follow a different path when
they ‘‘travel’’ alone. These different paths of different individuals create a large distribution in total. But what if they flock to-
gether? Could there be an improvement in accuracy? In this set of the experiments,we search for answers to these questions.
We split the experiments conducted in this subsection into two subsets. In the first subset, we conducted experiments
only in CoSS and disabled the proximal control. In the second subset, we enabled the proximal control and conducted
experiments with CoSS and Kobots. In experiments conducted in CoSS, the noise in sensing the homing direction is set
to ηS = 0.5. In Kobots, a similar amount of noise is assumed to be inherent due to the hard-iron effect of the metal objects
in the environment.
In order tomodel the individual differences in simulations,wediversify the robots by adding actuationnoises as described
in Section 6. Having diversified 91 robots, we first perform an experiment by running each robot separately. Fig. 11 plots
the distribution of deviations for each robot, which shows that the differences between the robots are large. Then, we create
flocks of different sizes from the 91 diversified robots to be used in the CoSS experiments. The selection is done in a random
fashion and Table 3 shows the number of different flocks for each size. The number of different flocks is kept constant for
different sizes to guarantee that the SD is calculated over the same number of experiments. For a flock size of 91, we obtain
different flocks by changing the initial positions of the robots.
7.4.1. Without proximal control
Having created different sets of flocks from 91 diversified robots, we conducted experiments, disabling the proximal
control behavior and repeating the experiments 10 times for each flock. We calculated the SD for a particular flock size
using the combined distributions of all different flocks; the results are plotted in Fig. 12. As can be seen, for increasing flock
size the SD decreases, indicating the increase in the accuracy. This clearly suggests that the tendencies of the individuals
to migrate to different directions are suppressed with heading alignment and the effect of the suppression increases as the
flock size gets larger, resulting in an increase in the accuracy.
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Fig. 12. Individual difference experiments in CoSS. (a) Plot of SD with respect to flock size while the proximal control is disabled and enabled. (b) Another
representation of (a) to make the differences between the SD values of the two cases visible.
Fig. 13. Individual difference experiments with Kobots. Actuation characteristics of Kobots while they are individually moving forward without utilizing
the flocking behavior. Box-plots are drawn for the deviations at 2 m.
a b
Fig. 14. Individual difference experiments with Kobots. (a) Box-plot of the deviations at final positions. Note that due to a deviation of six degrees to one
side of the arena, deviation values are mostly positive. (b) Plot of SD for different Kobots.
7.4.2. With proximal control
The experiments in this subset are performed in COSS and with physical robots while the proximal control is enabled.
CoSS experiments: In this experiment, we enabled the proximal control behavior and performed the same experiments
as in the previous subsection and plotted the resulting SD in Fig. 12. As can be seen, the SD decreases while the flock size
increases, which is an indication of the improvement in accuracy through the suppression of the tendencies of individuals to
migrate to different directions via heading alignment. The SD values are in general a little bit higher than those obtained from
the experiments without proximal control, due to the effect of disturbances of proximal control as illustrated in Fig. 12(b).
Kobot experiments: The Kobots are inherently not identical. We evaluated the actuation characteristics of each robot by
commanding them to move forward and measured the deviation of the robots from their initial directions in each run, at
2m. Fig. 13 shows the distribution of the deviations for each robot for three different runs. As can be seen, the characteristics
of the robots differ greatly from each other, mainly due to the open-loop speed control of the DC motors.
In order to understand the effect of group size in real-world conditions, we first conducted experiments with single
robots. The resulting distributions of deviations at the final position and SD for each robot are given in Fig. 14(a) and (b),
respectively. We then performed experiments with one-, three-, five- and seven-Kobot flocks by selecting seven different
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Fig. 15. The selection and initial placement of the flocks for the individual difference experiments with Kobots.
Fig. 16. Individual difference experiments with Kobots. Plot of SD against flock size.
flocks for each flock size. Fig. 15 illustrates the selection and initial placement of the flocks. Performing only one experiment
for a particular flock in Fig. 15, we plotted SD for each flock size in Fig. 16. The SD for a particular flock size in Fig. 16 is
calculated using the combined distribution of seven experiments performed for that flock size. Other than for three-Kobot
flocks, there is a decreasing trend in SD, indicating that increase in the flock size increases accuracy, which is similar to the
results obtained from simulations.
8. Conclusions
In this paper, we studied the pros and cons of flocking in long-range ‘‘migration’’ from a constructive point of view.
Specifically, we extended a behavior that can generate self-organized flocking in a swarm of robots to follow a homing
direction known a priori and evaluated how the final points reached by the flock were scattered in space. We evaluated
the accuracy of ‘‘migration’’ by measuring the standard deviation of the scatter along the perpendicular axis of the homing
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direction, and the efficiency of movement by measuring the average speed of the flock. The following conclusions can be
drawn from the experimental studies reported in this paper:
• The proximal control behavior, which maintains the cohesion of the flock, generates a disturbance that increases the
scatter and decreases the average speed of the flock after a certain flock size.
• The decrease in the average speed of the flock, generated by the proximal control behavior, becomes independent of the
flock size.
• The heading alignment behavior reduces the scatter through averaging the homing direction readings across multiple
robots.
• In the lack of proximal disturbance, the standard deviation of the scatter is inversely proportional to the size of the flock.
Hence, the larger the flock, the more accurate the ‘‘migration’’.
• The noise in sensing the homing direction increases the scatter and raises the minimum level that the scatter can be
reduced to through heading alignment.
• The differences in the characteristics of individuals that make up the flock are suppressed during migration.
In summary, if the noise in sensing the homing direction is low enough, then the disturbance generated by the proximal
control behavior may overtake the advantages generated by the heading alignment. As a direct consequence of this, flocks
that contain fewer individuals than a certain number (which was measured to be 3 in our mobile robot swarm) would
‘‘migrate’’ with less accuracy than single-robot flocks. This result is likely to provide an explanation to the seemingly
contradictory results reported from field studies with birds.
Nevertheless, some of our results beg for more detailed analysis. First, the question of why three-robot flocks generate
the largest scatter (for small ηS values) was not addressed in this study. We argue that the disturbance generated by the
proximal control behavior depends on the variance of the proximal range sensor readings. Hence we speculate that the
robots in a three-robot flock experience larger variances in their proximal range sensor readings than robots in larger flocks.
However, the relationship between the amount of disturbance and the relative positioning of robots within the flock as well
as the placement of their sensors needs further investigation. Second, the question of why the drop in the average flock
speed, generated by proximal disturbance, is independent of the flock size remains unanswered.
The next step in our research will focus on adapting and extending the existing theoretical models to explain the
results obtained with robots; the existing models have focused on modeling the many wrongs principle and paid little
or no attention to other factors, such as the effect of proximal disturbance or the differences between the characteristics of
individuals, that were studied in this work. Towards this end, we will first develop a metric that can quantitatively measure
the amount of disturbance generated by the proximal control behavior. Second, we will replace the vectorial noise model
with a different model that is easier to relate to the performance of flocking. Although the vectorial noise model is good
at generating realistic heading noise to be used in flocking, the relationship between the ηS parameter and the spread of
heading values is too complex to relate for our purposes. Third, we will shorten the VHS range and decrease the number of
maximum VHS neighbors to make heading alignment even more local, and hence more biologically plausible to relate to
field studies.
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